Impulsive behavior such as steep temporal discounting is a hallmark of addiction and is associated with relapse. In pathological gamblers, discounting may be further increased by the presence of gambling-related cues in the environment, but the extent to which the gambling relatedness of task settings affects reward responses in gambling addiction is debated. In the present study, human problem gamblers made choices between immediate rewards and individually tailored larger-but-later rewards while visual gambling-related scenes were presented in the background. N ϭ 17 participants were scanned using fMRI, whereas N ϭ 5 additional participants completed a behavioral version of the task. Postscan craving ratings were acquired for each image, and behavioral and neuroimaging data were analyzed separately for high-and low-craving trials (median split analysis). Discounting was steeper for high versus low craving trials. Neuroimaging revealed a positive correlation with model-based subjective value in midbrain and striatum in low-craving trials that was reversed in high-craving trials. These findings reveal a modulation of striatal reward responses in gamblers by addiction-related cues, and highlight a potentially important mechanism that may contribute to relapse. Cue-induced changes in striatal delayed reward signals may lead to increased discounting of future rewards, which might in turn affect the likelihood of relapse.
Introduction
Pathological gambling shares many symptoms with substancebased addictions, such as impaired self-control, craving before gambling, and continuing gambling despite negative consequences (Potenza, 2008) , and is categorized as a behavioral addiction in the Diagnostic and Statistical Manual of Mental Disorders 5 (DSM-5). Pathological gamblers show increased discounting of delayed monetary rewards (Petry, 2001b; Dixon et al., 2003; Miedl et al., 2012) similar to substance addicts such as alcoholics (Petry, 2001a) , opioid-abusers (Kirby et al., 1999) , cocaine dependents (Kirby and Petry, 2004) , and smokers (Johnson et al., 2007; Peters et al., 2011) , suggesting that temporal discounting might be a basic trait marker of addictive behavior (Bickel et al., 2014) . Temporal discounting in healthy subjects is increased in the presence of appetitive pavlovian stimuli (Wilson and Daly, 2004; Li, 2008; Kim and Zauberman, 2013) . Similar effects of gambling context occur in problem gamblers (Dixon et al., 2006) , and such processes might have implications for cueinduced relapse.
Both striatal hyperactivation and hypoactivation have been reported in pathological gambling and addiction more generally (Balodis et al., 2012; Leyton and Vezina, 2012; van Holst et al., 2012; Clark and Limbrick-Oldfield, 2013) . It was proposed that when familiar addiction-related cues are present striatal activation is enhanced; when the cues are absent, it is blunted, at least when absolute activation levels are concerned (Leyton and Vezina, 2013) , but it is unclear how such cues might affect parametric reward representations (Miedl et al., 2012) .
The present study examined striatal reward responsivity and cue-induced changes in impulsivity in gamblers. We hypothesized that gamblers would discount steeper in the presence of highly craving-inducing images (Dixon et al., 2006) . Given that reward values are represented in ventral striatum (VS; Peters and Büchel, 2010b; Clithero and Rangel, 2013) and that addictionrelated cues increase craving via striatal dopamine (DA) release (Volkow et al., 2006) , we hypothesized gambling cues to exert their influence on decision making by modulating striatal reward signals.
Materials and Methods
Participants. In total, n ϭ 17 male right-handed (Oldfield, 1971) slotmachine gamblers participated in the fMRI study, and N ϭ 5 additional subjects completed a behavioral version of the task without neuroimaging. No participant reported a history of regular drug use, and none were currently using medication. No active Axis I disorders were present apart from depression in six problem gamblers (Beck et al., 1961) . All gamblers met at least three DSM-IV criteria (3 participants had a score of 3 or 4 points; 19 scored Ն 5 points). In addition, all gamblers completed the Kurzfragebogen zum Glücksspielverhalten (KFG; Petry, 1996) and the South Oaks Gambling Screen (SOGS; Lesieur and Blume, 1987) .
Twelve of seventeen MRI participants were current smokers based on the Fagerström Test of Nicotine Dependence (Heatherton et al., 1991; see Table 1 ), and they were allowed to smoke freely before scanning (Miedl et al., 2012) to avoid effects of acute withdrawal. Alcohol use was low in the MRI sample, with 11 of 17 participants reporting to be abstinent (see Table 1 ).
Behavioral pretest. Participants completed a behavioral testing session ϳ2 h before fMRI that included a short adaptive temporal discounting task (Peters and Büchel, 2009 ) to estimate the discount rate. Based on the pretest, subject-specific trials for the fMRI experiment were created (Peters and Büchel, 2009, 2010a; Miedl et al., 2012) .
Visual gambling cues. During fMRI (see below) visual gambling cues were shown while participants performed a temporal discounting task. Pictures were collected from the Internet (n ϭ 64 images in total, each image was shown three times) and consisted of pictures of slot machines and indoor gambling facilities. Images were classified into high-and low-craving conditions based on postscan craving ratings (median split, 0 -100 visual analog scale). Valence and arousal ratings were additionally collected to confirm the validity of the craving ratings (i.e., more positive valence and greater arousal for high vs low craving). Rating questions were phrased as follows. Many studies of cue reactivity in addiction use addiction-related cues and control cues (Potenza et al., 2003; . We took a different approach for two reasons. First, it is nearly impossible to perfectly match gambling-related and neutral cues such that they only differ in terms of gambling relatedness, but not in other features. Second, extensive pretesting revealed a considerable heterogeneity in craving induced by different gambling cues in different patients. Our design exploited this heterogeneity, while avoiding lower level confounds between conditions. fMRI task. The task was a modification of a previous task (Peters and Büchel, 2009; Miedl et al., 2012) where participants made choices between a fixed immediate reward of €20.0 and larger delayed rewards while viewing gambling scenes in the background (Figure 1 ). Individual offers were calculated for each participant (see above) and participants completed three sessions (ϳ15 min and 64 trials each). The 64 gambling images were randomly assigned to the trials and were shown once per session. Participants were told that one of their choices would randomly be selected and that they would receive the chosen reward amount via a bank transfer or in cash. The average amount participants received was €31.7 (range, €20.0 -70.9).
Computational modeling. Behavioral data were analyzed applying maximum-likelihood estimation using optimization procedures implemented in MATLAB (fminsearch). We used the softmax choice function as follows:
to estimate the probability of choosing the actually selected option (o i ) given the subjective values of the available options: sv o1 and sv o2 (based on Eq. 2). ␤ is a free parameter modeling the inverse steepness of the sigmoid (choice stochasticity). We applied the hyperbolic discounting model (Mazur and Coe, 1987) as follows:
where A is the objective reward amount, D is delay, and k is a subjectspecific discount rate. We then minimized the log-likelihood (LL) of the choice probabilities, summing across trials, given a particular set of model parameters :
to obtain the best-fitting parameter estimates for each subject and condition (k and ␤), which were used to compute subjective values for each trial. Model fit was quantified using the Bayesian Information Criterion (BIC; Schwarz, 1978) . fMRI data acquisition. MRI data were acquired on a 3 T system (Siemens TIM-TRIO) using a 32-channel head coil. Five-hundred volumes, aligned to the line connecting anterior and posterior commissures, were acquired for each session, and the first five volumes were discarded to allow for the BOLD signal to stabilize. Each volume consisted of 40 slices with a voxel size of 2 ϫ 2 ϫ 2 and 1 mm gap (repetition time: 2.38 s; echo-time: 25 ms). An additional magnetization-prepared rapidacquisition gradient echo structural image was acquired for anatomical overlay.
fMRI data analysis. Data preprocessing and analysis was performed using SPM8 (Wellcome Department of Cognitive Neurology, London, UK). Functional images were slice time corrected to the onset of the middle slice and spatially realigned using a six-parameter affine transformation. The high-resolution T1 image was then coregistered to the functional images and segmented into gray matter, white matter, and CSF. Functional images were spatially normalized to Montreal Neurological Institute space using the normalization parameters obtained from the segmentation procedure and subsequently smoothed with a Gaussian kernel of 8 mm full-width at half-maximum.
A first-level model was constructed on the single subject data using the following regressors: the presentation of delayed options was modeled by convolving the event train of stimulus onsets with the canonical hemodynamic response function separately for each session. For each event, a primary parametric regressor was included coding for the subjective value of the decision option in each trial. Error trials and button presses were modeled separately. To deal with residual variance caused by subject movement, the realignment parameters were included as additional regressors at the first level.
For each participant, the following contrast images were computed: (1) delayed reward onset for all trials, (2) delayed reward onset for lowcraving Ͼ high-craving situations, (3) delayed reward onset parametrically modulated by the subjective value across conditions, (4) delayed reward onset parametrically modulated by the subjective value (low craving Ͼ high craving), and (5) delayed reward onset parametrically modulated by craving score.
We then entered these contrast images into second-level random effects models using one-sample t tests, including covariates of depression [Beck Depression Inventory score (BDI)] and gambling severity (KFG). For all analyses, the threshold was set to p Ͻ 0.05 corrected for multiple comparisons (based on the FWE) using reduced search volumes [small volume correction (SVC)]. Spherical search volumes were used centered at peak coordinates from previous studies. We used a 10 mm sphere for the VS (O'Doherty et al., 2004 ) and a 6 mm sphere for the midbrain/ substantia nigra (Schott et al., 2006) . Activations are displayed projected onto the mean structural scan across participants. 
Results

Behavioral data
Gambling images were classified into high and low craving based on postscan craving ratings (median split). Additional valence and arousal ratings were collected (Fig. 2) to confirm the validity of the craving ratings. High-craving images were rated as more positive (t (32) ϭ 6.71, p Ͻ 0.001; Fig. 2B ) and more arousing (t (32) ϭ 6.88, p Ͻ 0.001; Fig. 2C We then fit separate temporal discounting models to the choice data from high-craving and low-craving trials to obtain condition-specific model parameters k and ␤. Across all 22 participants (n ϭ 5 behavior only, n ϭ 17 behavior ϩ fMRI) k parameters were significantly higher in high versus low craving (median k: high craving ϭ 0.11, low craving ϭ 0.09, z ϭ Ϫ2.52, p ϭ 0.012, two-tailed; Wilcoxon signed rank test due to nonnormally distributed data). A similar trend was seen when restricting the analysis to the behavioral data from the fMRI participants (z ϭ Ϫ1.78, p ϭ 0.076, two-tailed; Fig. 2D ). In contrast, no differences between conditions were observed for reaction times (t (32) ϭ 0.21, p ϭ 0.84) and ␤ (t (32) ϭ 0.099, p ϭ 0.92), and the fit of the behavioral model in terms of BIC was similar between conditions (t (32) ϭ 0.08, p ϭ 0.94).
fMRI results
Brain activity during trial onset
There was no difference in overall activation levels between conditions (i.e., without parametric modulation) at p Ͻ 0.001 uncorrected.
Neural craving representations
Including subjective craving ratings as a parametric modulator revealed a positive correlation with activity in right middle temporal gyrus (x, y, z coordinates: 52,Ϫ68,8, z-value ϭ 3.72) and right fusiform gyrus (46,Ϫ44,Ϫ22, z-value ϭ 3.35). Valence and arousal ratings were highly correlated with craving (see above), and were thus not analyzed separately.
Model-based subjective value
No brain regions showed a positive correlation with subjective value across high and low craving at p Ͻ 0.001. Testing for brain areas showing a more positive correlation with value in low versus high craving revealed activity in the midbrain (12,Ϫ18,Ϫ22, z-value ϭ 3.57, p SVC ϭ 0.006; Fig. 3 ) and bilateral VS (left: Ϫ16,14, Ϫ10, z-value ϭ 3.36, p SVC ϭ 0.019; right:12,16,Ϫ4, z-value ϭ 2.78, p SVC ϭ 0.079; Fig. 3 ). The reverse contrast showed no significant effects at p Ͻ 0.001 uncorrected. We extracted ␤ estimates from these peaks to examine the directionality of the effects. As can be seen from Figure 3 , the effects were primarily driven by the presence of a positive value correlation under low craving, which was reversed under high craving.
We performed a number of control analyses. First we examined an additional model that included smoking severity (Fagerström scores) as an additional covariate. This did not alter the pattern of results (midbrain: 10, Ϫ18, Ϫ18, z-value ϭ 3.4, p SVC ϭ 0.005; left VS: Ϫ14,16,Ϫ10, z-value ϭ 3.26, p SVC ϭ 0.026; right VS: 12,16,Ϫ4, z-value ϭ 2.68, p SVC ϭ 0.094). Second, we restricted the analysis to gamblers with DSM IV-scores Ն5 (i.e., problem gamblers were excluded). This did not alter the pattern of results (midbrain: p SVC ϭ 0.021; left VS: p SVC ϭ 0.038; right VS: p SVC ϭ 0.079). Finally, subjects discounted steeper in the high-craving condition, and this may have affected the neural results. We therefore fitted a single k parameter across low-and high-craving trials for each participant, and calculated model-based values using these canonical k parameters. Again, the differences between low and high craving remained significant (midbrain: 12,Ϫ16,Ϫ18, z-value ϭ 3.58, p SVC ϭ 0.003; left VS: Ϫ14,16,Ϫ10, z-value ϭ 3.56, p SVC ϭ 0.011; right VS: 8,6,Ϫ18, z-value ϭ 2.84, p SVC ϭ 0.065).
Discussion
We examined the context dependency of neuronal reward representations in problem gamblers using model-based fMRI and a temporal discounting task that included gambling-related cues. Gamblers discounted delayed rewards more steeply in the presence of high-craving gambling cues (Dixon et al., 2006) . Neuroimaging results revealed a positive correlation with value in low craving in midbrain and bilateral VS that was reversed in high craving.
This observation extends previous results of neural value processing in gamblers versus healthy controls (Miedl et al., 2012) . We previously reported reduced value coding during probability discounting and elevated value coding during temporal discounting in gamblers. We speculated that temporal discounting might represent a more neutral (gambling-unrelated) task, whereas probability discounting might be more gambling related due to high familiarity of gamblers with risky choices. The present observation of reversed striatal and midbrain value signals during high-craving trials supports this previous interpretation. That being said, we acknowledge that whether probabilistic trials in that study can really be considered to constitute "gamblingrelated" stimuli remains an open question, as all trials involved simple text displays. In contrast, the present study used rich visual gambling cues, therefore, providing a more direct test of the role of craving and gambling-related cues.
One may argue that a fully crossed design examining both cue and task effects (temporal vs probability discounting) would have been more informative. However, this was not feasible due to the trial numbers required for accurate behavioral modeling, and we therefore focused on temporal discounting, which was previously shown to be under contextual modulatory control in gamblers (Dixon et al., 2006) . In combination with our previous study, our data suggest that preserved value signals during delay discounting in gamblers (Miedl et al., 2012) are reduced in the presence of high-craving relative to low-craving inducing gambling cues. 2012; Leyton and Vezina, 2012; van Holst et al., 2012; Clark and Limbrick-Oldfield, 2013; Sescousse et al., 2013) and addictive disorders more generally (Leyton and Vezina, 2013) . It has been suggested that the presence of addiction-related cues might boost reward responses, whereas their absence might attenuate these signals (Leyton and Vezina, 2013) , at least with respect to absolute activation levels. Our data inform this debate by showing that the (parametric) neural representation of reward value during temporal discounting in gamblers is indeed modulated by the degree of craving induced by gambling-related cues. An open question is why the modulation in high-craving took this particular form and was at least in part driven by a negative effect, rather than showing a reduced positive or null effect. That being said, it should be noted that the within-condition effects were also somewhat less robust, and showed more variability between regions (see, e.g., left vs right VS), which makes it difficult to draw firm conclusions from these findings.
Behaviorally, the modulatory influence of appetitive visual gambling cues on temporal discounting resembles previous effects of appetitive pavlovian stimuli on discounting behavior in healthy controls (Wilson and Daly, 2004; Li, 2008; Kim and Zauberman, 2013) . It is therefore possible that the observed effects are not specific to the nature of the cues or to the particular patient group studied here, and subjectively appetitive stimuli might generally enhance impulsive responding. However, the impact of such effects may be particularly problematic for patients who are likely to be more impulsive to begin with and who may be driven to relapse due to exposure to such cues.
Drug-related cues induce craving via DA release in the striatum (Volkow et al., 2006) . This increase in DA might in turn impair the ability of the striatum to robustly represent values of delayed rewards, which might increase impulsive responding. Interactions between tonic and phasic DA responses that might account for such a pattern have been previously described (Bilder et al., 2004) . These effects might thus resemble pavlovianinstrumental transfer (PIT), a classical account of pavlovian influences on instrumental responding (Balleine and O'Doherty, 2010) , which is similarly mediated by DA (Dickinson et al., 2000; Lex and Hauber, 2008; Ostlund and Maidment, 2012; Beierholm et al., 2013) . However, this interpretation is weakened by the lack of an overall difference in dopaminergic region activation between conditions, which might be expected to track differences in DA release (Schott et al., 2008) , On the other hand, the present task contrasted degrees of craving, rather than craving versus no craving, and might thus not be sensitive enough to capture subtle overall activation differences. Therefore, future studies are required to more directly assess the role that DA plays in pavlovian modulations of discounting behavior, and the extent to which these effects may share features with processes such as PIT.
A potential alternative mechanism underlying increased discounting during high craving might be an attentional bias to addiction-related cues (Robbins and Ehrman, 2004; Field and Cox, 2008) . Such effects also depend on DA neurotransmission (Franken et al., 2004) , and might thus also be compatible with the observed striatal effects. However, both reaction times and choice consistency (␤) were similar for high-and low-craving trials. This argues against a simple distraction account of the cue effects, which would be expected to increase reaction times and/or decrease consistency.
The present study focused on gambling-related appetitive cues in problem gamblers and did not include a comparison group. Our data thus cannot address the issue of whether addiction in general alters susceptibility to appetitive cues. Future studies using different classes of appetitive cues in both addicts and controls are required to address this interesting issue.
Our results support the idea that the presence of addictionrelated cues in the environment modulates striatal value signals in addicts (Leyton and Vezina, 2013) and can increase impulsive behavior (Dixon et al., 2006) . While the potential role of DA in mediating these effects remains to be directly examined (Volkow et al., 2006) , our findings highlight a potentially important mechanism underlying cue-induced relapse in addiction: cue-induced changes in striatal value coding may lead to increased future reward discounting, which may in turn affect the likelihood of relapse (Sheffer et al., 2012) .
